approaches is crucial and has a substantial influence on inequality of opportunity country orderings. Growth regressions also illustrate the relevance of conceptual choices. We only find significant negative effects for some direct parametric ex-ante measures.
Introduction
Responsibility-sensitive egalitarianism shifts the focus from outcomes to their determinants, when assessing economic inequalities, and advocates offsetting the effect of circumstances, for which individuals are not deemed responsible, while respecting the effects of effort. Since the first contributions by Dworkin (1981) , Arneson (1989) , and Cohen (1990) , the economics literature, following seminar contributions by (Roemer, 1993 (Roemer, , 1998 , Fleurbaey (1995) and Bossert (1995) , has laid out the basic principles that ought to guide measurement. In a recent paper (Ramos and Van de gaer, 2016) , we bring together the theoretical and the empirical literature and draw attention to the conceptual differences of the empirical measures. This paper takes those lessons as starting point with the intention to investigate whether those important conceptual differences have any bearing in ordering distributions when taken to the data, and bring about systematic differences in orderings. To this end, we estimate a wide range of inequality of opportunity measures to the same set of data, the European Union -Statistics on Income and Living Conditions (EU-SILC), an empirical exercise which has not been done so far.
Conceptually, the most frequently used measures of inequality of opportunity can be classified on the basis of three criteria. The first criterion, distinguishes between ex-ante and ex-post measures. Ex-ante measures compute the inequality in the values of individuals' opportunity sets while ex-post measures compute the inequality in the incomes of those that have the same efforts. Initially, the theoretical literature treated ex-ante and ex-post approaches approaches as being very similar (Roemer, 2002 , Roemer et al., 2003 . Recent theoretical contributions stress they are different and often conflict (Ooghe et al., 2007 , Roemer, 2012 and Fleurbaey and Peragine, 2013 . Most of the empirical litterature continues to treat them as interchangeable, by motivating their concern with inequality of opportunity from ex-post intuitions and using ex-ante measures of inequality of opportunity. We find that the distiction between ex-ante versus ex-post matters a lot for country orderings. The second criterion, due to Pistolesi (2009) , distinguishes between direct and indirect measures. Direct measures calculate the inequality in a counterfactual income distribution where all income inequalities are exclusively due to individuals' circumstances. Indirect measures calculate the difference between the inequality in the actual income distribution and the inequality in a counterfactual income distribution in which there is no inequality of opportunity. Our results suggest that the distinction between direct and indirect measures is of secondary importance: conditional on the ex-ante or ex-post apporoach, direct measures are quite different from indirect measures. The third criterion focuses on whether a parametric or non-parametric methodology is used to construct the counterfactual. This choice is relevant when the often-used parsimonious linear specification does not yield a reasonable fit, and it is thus data-dependent.
In the next Section we provide a more detailed description of these criteria, present and formally define the most frequently used measures of inequality of opportunity and classify them. Section 3 describes the EU-SILC data and the circumstances and effort variables used in the empirical analysis, while Section 4 reports our main results. We first examine the incidence of choices on country orderings, and then show estimates from growth regressions to illustrate further their empirical relevance. The concluding section wraps up.
Measurement Approaches
As responsibility-sensitive egalitarianism distinguishes between efforts and circumstances, the empirical model assumes that for each individual k in the population N = {1, · · · , n}, his income, y k , depends on his circumstances, given by a d C -dimensional vector a C k , his efforts, given by a d R -dimensional vector a R k , and a random term e k , such that
Following Roemer (1993) (Peragine, 2004) a type (tranche) is a set of people having the same circumstances (efforts). Measures of inequality of opportuity can be classified on the basis of three criteria: whether they take an ex-ante or ex-post perspective, whether they are direct or indirect measures of inequality of opportunity, and whether the counterfactual distribution used in the measure is constructed using a parametric or non-parametric method.
A first distinction is between ex-ante and ex-post approaches. The ex-ante approach measures the inequality between individuals' opportunity sets, and assumes that these opportunity sets are determined by individuals' circumstances. It attaches the same value to the opportunity set of those that belong to the same type, and measures the inequality in the values of individuals' opportunity sets. The ex-post approach measures the inequality in the incomes of individuals that have the same effort. All inequalities between such individuals must be due to their circumstances, and is, for that reason a measure of inequality of opportunity. 2 A second distinction is between direct and indirect measures. Direct measures of inequality of opportunity compute the inequality in a n-dimensional counterfactual income distribution y c in which all inequalities due to differences in effort have been eliminated such that only the inequality that is due to differences in circumstances is left:
where I : R n ++ → R is a measure of inequality. Indirect measures of inequality of opportunity compare the inequality in the actual distribution of income, I (y), to the inequality in a counterfactual income distribution where there is no inequality of opportunity I y E0 .
This results in the measure
where Θ I y, y EO : R n ++ ×R n ++ → R. Based on a decomposition argument, the idea behind the appraoch is that the difference beween the inequality in the actual distribution and the inequality in the counterfactual income distribution without inequality of opportunity gives the inequality that is due to inequality of opportunity.
A third distinction is based on the method used to construct the counterfactual. This method can be parametric or non-parametric. The parametric approach imposes a functional form to estimate individuals' incomes as a function of efforts or circumstances, resulting in specifications with 3 possible domains:
These equations can be used to estimate y k by setting e k equal to zero. Non-parametric procedures typically do not impose a functional form and rely on averaging procedures. 
k , y i is the i−th largest level of income in the set N k. , a R is a reference value for the vector of responsibility variables,
C is a reference value for the vector of circumstance variables, µ (y) is mean income of vector y.
Consider the direct measures first. Three ways to measure the value of an individual's opportunity set are proposed. Counterfactual y c1 , proposed by Van de gaer (1993) , measures the value of an individual's opportunity set by the average income of his type; y c2 , proposed by Lefranc et al. (2008) measures it by the normalized surface under the generalised Lorenz curve of his type; y c3 , proposed by Ferreira and Gignoux (2011) takes the parametric estimate of his income, given his circumstances. The counterfactual for ex-post measure y c4 , proposed by Checchi and Peragine (2010) , scales everybody's income up or down by the ratio of the average income in the population and the average income of his tranche. That way, the inequalities between those that belong to the same tranche are preserved, while the differences in average incomes of different tranches are eliminated.
Finally, y c5 , proposed by Pistolesi (2009) , relies on the choice of a R , a reference value for the vector of responsibility characteristics and takes the parametric estimate of his income, given his circumstances and efforts equal to the reference values.
The counterfactuals used in the indirect approach are obtained by switching the role of circumstance and effort variables of the direct approach. This dual relationship is reflected in the number used to label the counterfactuals: for all i = 1, · · · , 5, y EOi is the dual counterfactual of y ci . Checchi and Peragine (2010) proposed counterfactual y EO1 , which assigns to every individual the average income of his tranche; y EO2 assigns the value of the normalized surface under the generalised Lorenz curve of the income distribution of his tranche; y EO3 the parametric estimate of his income, given his efforts; y EO5 the parametric estimate of his income, given his efforts and circumstances equal to the reference values. In all these counterfactuals, those with the same efforts have the same income, such that the corresponding indirect measure becomes a measure of the income inequality that is due to their different circumstance; they are ex-post measures of inequality of opportunity. The only ex-ante measure is y EO4 , proposed by Checchi and Peragine (2010) , where incomes are scaled up or down by the ratio of the average income in the population and the value of the opportunity set measured by y c1 k , such that in this counterfactual, the average income of every type equals average income in the population and everyone's opportunity set has the same value. In the sequel I X denotes the inequality measure based on counterfactual y X with X ∈ {c1, . . . , c5, EO1, . . . , EO5}.
Data
We draw on data from the European Union -Statistics on Income and Living Conditions (EU-SILC), which collects comparable information on socio-economic and demographic characteristics of individuals across European countries. In particular we use the 2005 and 2011 waves, which collected information on family background and circumstances when the respondent was young in separate questionnaire modules. EU-SILC data have been commonly used to study equality of opportunity across European countries, see inter alia Marrero and Rodríguez (2012) and Checchi et al. (2016) .
The EU-SILC provides data for a large number of countries, which allows us to compare country orderings by inequality of opportunity when different measures are used. The main limitation of EU-SILC is the reduced sample sizes for some countries, which obliges us to work with a reduced number of circumstances and efforts.
As in previous studies, e.g. Marrero and Rodríguez (2012) , we select individuals aged 25 to 59 to avoid the noise associated to the school-job transition for the younger population and to retirement decisions for the older individuals.
Our outcome of interest is disposable equivalent income. 3 To check the reliability of our income variable, we compare our income inequality estimates with other estimates coming from different sources, such as the OECD, and obtain correlation coefficients above 0.9, indicating that our estimates are in line with those from the OECD.
Working with a limited amount of circumstances and effort variables, and thus types and tranches, results in partitions that are too coarse and that end up driving the estimates of the various direct and indirect measures. Because of this, we use a set of 5 circumstance and 4 effort variables, which translate into 48 types and 24 tranches, thus achieving finer partitions than the majority of recent empirical studies on equality of opportunity. Our circumstances include parental education and occupation, gender, birthplace, and whether the respondent lived with both parents when young, while the set of efforts includes own educational attainment, own occupation, work status, and marital status. All variables have two categories, except the two occupation variables, which have 3 categories each.
Description and summary statistics of circumstance and effort variables can be found in Appendix Tables 10 to 13.
The circumstance variable "whether both parents were present at home when respondent was young" has not been used before, and thus deserve some justification. Growing up in non-intact families is found to condition several later-life outcomes, and earnings during adulthood is one of them (Mohanty and Ullah, 2012) .
Own education has been previously used as effort variable (e.g. Almås et al., 2011 ), but we believe deserves some discussion. Undoubtedly own effort affects educational attainment (De Fraja et al., 2010) , which in turn determines wages and thus incomes. What may be a bit more controversial is the choice of own education as an effort variable, as some may argue that children cannot be deemed responsible for their own effort before the age of consent, and such effort levels are also determining later educational attainment after the age of consent. As discussed above, however, since there are only few variables in the EU-SILC that can be used as effort variables and most of them provide only very small cell sizes, we decided to use own educational attainment as an effort variable.
The other variables included in the set of circumstances or effort are not new and rather uncontroversial, and do not deserve further discussion. 4 3 Disposal equivalent individual income is computed by deflating disposal equivalent household income (variable HY020, including the sum for all household members of gross personal income components plus gross income components at household level, minus taxes paid), with the modified OECD equivalent scale, (variable HX050, which assigns a weight of 1 to the first adult, of 0.5 to remaining adults of the family, and of 0.3 to children younger than 14).
4 See Table 25 .8 in Ferreira and Peragine (2016) for a list of circumstance variables used in eight papers that cover 41 countries. Roemer and Trannoy (2015) discuss important issues in the use of effort variables often included in empirical analyses.
Results
This section presents the results of testing whether the main conceptual issues discussed in Section 2 matter in practice. To this end, we first estimate inequality of opportunity for all counterfactual distributions y c1 to y c5 and y EO1 to y EO5 , and then check whether different measures of inequality of opportunity change the ordering of inequality of opportunity across countries by means of Spearman's rank correlations. When they do, we analyze whether the conceptual issues shape these ordering changes.
Empirical studies mostly use two well known inequality indices to compute inequality of opportunity: the MLD and the Gini coefficient. As we discuss below, both indices have advantages and drawbacks for the measurement of inequality of opportunity. We employ the Gini coefficient in our baseline estimates reported below, and present the robustness of our findings to using the MLD in Section 4.1. In this section we refer to and present results for 2005. Our findings also hold to a very large extent for 2011, and when they differ we indicate it in the text. The evidence for 2011 is shown in the Appendix Tables 6 to 8. 5
Rank correlation coefficients displayed in Table 2 are for some measures surprisingly low and sometimes not significantly different from zero. This raises doubts that all these measures capture the same concept. Looking at the Table in more detail, it becomes clear that some conceptual and theoretical differences outlined in Section 2 matter in practice.
The clearest lesson is that ex-ante and ex-post views lead to different country orderings.
The rank correlations between ex-ante and ex-post measures are often not significantly different from zero. The distinction between direct and indirect approaches matters only conditional on choosing an ex-ante or an ex-post view. Next we discuss this in more detail and examine the empirical importance of other relevant issues that the analyst must address when estimating inequality of opportunity.
If we were to group the measures discussed in Section 2 according to the correlations displayed in Table 2 , we would have three groups: G 1 = (y c1 , y c2 , y c3 , y EO4 ), G 2 = (y c4 , y EO1 , y EO2 , y EO3 , y EO5 ), and G 3 = (y c5 ). G 1 includes all ex-ante measures, while G 2 includes all ex-post measures but y c5 , which seems to yield different orderings than all other measures, so we put it separately into G 3 . Thus, the difference between ex-ante and ex-post measures comes out as an important empirical divide. 6
The direct and indirect approaches do not seem to shape the estimated rank correlations as much as the ex-ante/ex-post divide. While rank correlations amongst direct measures are reasonably high (> .69), direct ex-ante measures y c1 , y c2 , and y c3 show higher correlations with the indirect ex-ante measure y EO4 than with direct ex-post measures y c4 and y c5 . Indirect measures show a similar pattern, as the indirect ex-ante measure y EO4
shows a higher correlation with direct ex-ante measures than with indirect ex-post mea-5 Our results are also robust to dropping Cyprus from the analysis, as it showed an unreasonable increase in income inequality, according both to the Gini (> 20% increase from 2005 to 2011) and to the MLD (> 45% increase).
6 For 2011, y c3 correlates most strongly with y c5 , and so should be included in group G3.
sures y EO1 , y EO2 , y EO3 , y EO5 . Likewise, excluding y c5 , indirect ex-post measures show higher correlations with direct ex-post measures than with indirect ex-ante measures. That is, conditional on the ex-ante or ex-post approach, measures yield closer rankings within direct and within indirect methods than across them.
We turn next to the third distinction between measures based on parametric and nonparametric counterfactuals. Non-parametric counterfactuals are equivalent to those obtained from fully saturated parametric models that include all possible interaction effects.
Most of the literature, however, uses linear specifications for the parametric approach.
In the light of this, the relevant question is: To what extent does the importance of interaction effects differ enough across countries as to change the country orderings? Our findings suggest that the answer is data-dependent. In fairly parsimonious specifications that provide a reasonable fit, interaction effects are not so relevant in determining country orderings, as non-parametric and analogous or similar linear parametric approaches yield similar orderings. For instance, Table 2 shows that the rank correlation between ex-ante direct non-parametric y c1 and linear parametric y c3 is 0.89, while the rank correlation between indirect ex-post non parametric y EO1 and its parametric counterpart y EO3 is also large (0.92). However, when the fit of the parsimonious specification is rather poor, interaction effects are indeed relevant in determining country orderings. The fit of our linear regressions for 2011 is much poorer than the fit for 2005. As a consequence, the rank correlation between ex-ante direct non-parametric y c1 and linear parametric y c3 is remarkably low, 0.18 -see Table 6 . 7 Our 2011 findings are in line with Brunori et al. (2016) . They use the same EU-SILC dataset for 2011 to compare a parsimonious linear specification with another specification that includes all possible interaction terms and where categorical variables are partitioned more finely, and obtain a rank correlation of 0.52 between direct measures y c1 and y c3 .
As we explained above, parametric approaches estimate counterfactuals in two ways:
either by using g C ( g R ) in the direct (indirect) approach i.e. including in the regression only the set of circumstances (efforts), or by using the functional form ( g), i.e. including both circumstances and efforts in the specification. The latter allows for a more flexible treatment of the correlation between circumstances and efforts and is thus likely to yield different parameter estimates and counterfactual distributions. The best comparison to see
whether and to what extent including both circumstances and efforts matter empirically is provided by measures y EO3 and y EO5 , as they are both indirect and ex-post. The large correlation (0.95) displayed in Table 2 suggests that conditioning on circumstances in the indirect approach does not lead to substantially different country orderings. In contrast, the somewhat lower correlation between measures y c3 and y c5 (0.81) may suggest that taking efforts into account in the direct approach is relevant. This conclusion, however, must be taken with caution as y c3 is ex-ante while y c5 is ex-post, and this difference may 7 In the indirect approach, poor regression fits result in measurements of inequality of opportunity being very similar to measurements of inequality of outcome. This explains why the rank correlation between indirect ex-post non parametric y EO1 and its parametric counterpart y EO3 is large in 2011, 0.97.
also be behind the lower correlation.
Dual counterfactuals provide a somewhat natural way of making conceptual analogies between views and approaches. The data reveal that they lead to country orderings that are quite different -rank correlation coefficients amongst dual counterfactuals range from 0.11 to 0.41. Moreover, in our grouping of measures on the basis of their correlation, it never happens that dual counterfactuals belong to the same group.
Finally we examine whether it matters allowing for inequality aversion with respect to income differences due to differences in effort. We compare the non-parametric measures, y c1 and y c2 for the direct approach, and y EO1 and y EO2 for the indirect approach. The results in Table 2 show that allowing for inequality aversion does not matter neither for the direct nor for the indirect measures, as rank correlations are larger than 0.93. 
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Robustness to using the MLD instead of the Gini
The high cross index correlations of Table 5 show that using the Gini coefficient or the MLD does not matter much for our country orderings. Table 4 shows that our findings about the correlations between the different measures also hold for the MLD index. It is striking, however, that the correlations between ex-ante and ex-post measures are substantially higher for the MLD than for the Gini. 8 Due to its path independence property (Foster and Sneyerov, 2000) , y c1 and y EO4 , as well as y EO1 and y c4 yield exactly the same ordering when using the MLD. The other indirect counterfactuals give a distribution in which all inequality is due to differences in efforts, and, a decomposition argument can be used to say that the difference in inequality in the actual distribution and the inequality that is due to efforts equals the inequality that is due to circumstances, which is what direct measures capture. Our finding that the rank correlations between ex-ante and ex-post measures are larger for the MLD than for the Gini confirms that the decomposition argument makes more sense for the MLD than for the Gini coefficient.
Inequality of Opportunity and Economic Growth
To illustrate further the empirical relevance of the different conceptual choices, this section explores the relationship between inequality of opportunity and economic growth, which has captured the attention of the recent literature. It is important to note that given the many limitations that the EU-SILC imposes, this empirical exercise is solely illustrative. As outlined in Section 3, the EU-SILC collects data on family background and circumstances when the respondent was young at two points in time, 2005 and 2011.
This means that we can only estimate inequality of opportunity for these two years. This data structure imposes two major limitations on our empirical exercise: First, our time series is very short, as we can only exploit variability at two points in time, and second, we can only study growth over a time period which is much shorter than the 5 or 10 year period, which is customary.
Recent literature has explored the idea that inequality due to efforts and inequality due to circumstances (inequality of opportunity) have opposite effects on economic growth, which in turn may help explain the inconclusive evidence of the effects of overall inequality on economic growth (see among others Marrero and Rodríguez, 2013 and Ferreira et al., 2014) . While inequality of opportunity is argued to have a deleterious impact on economic growth, effort inequality is deemed to have an enhancing impact on growth. The empirical papers that test this hypothesis usually use only one of the many options outlined in Section 2 to estimate inequality of opportunity. However, as we have reported above, different opportunity inequality measures give rise to different country orderings. Do the findings reported in the literature crucially hinge on the specific inequality of opportunity measure used? To answer this question, this section runs growth regressions and checks 8 The same is true for the correlation between y EO4 and the other indirect measures, but remember that the former produces rankings that are more similar to the ones produced by ex-ante measures.
whether results are robust to the way inequality of opportunity and inequality of effort are measured.
Following Forbes (2000) , we estimate the following panel regression g c,(t,t−s) = β 1 IO c,t−s + β 2 IE c,t−s + β 3 GDP c,t−s + β 4 Ed c,t−s + β 5 Inv c,t−s + α c + τ t + ct where g ct is the average annual growth rate of per capita GDP between t and t − s, IO c,t−s is one of the inequality of opportunity measures outlined in Section 2, IE c,t−s is residual inequality, often assumed to be inequality of effort, and computed as the difference between outcome and opportunity inequality, GDP c,t−s is the Gross Domestic Product, Ed c,t−s is the population share with upper secondary education or above, Inv c,t−s is the business investment to GDP ratio, and α c and τ t capture country and time specific fixed effects. Control variables, namely GDP, education shares, and investment, come from Euorstat, and all regressors refer to the initial period over which growth is estimated to avoid simultaneity issues. We estimate the model by fixed effects, which control for time-invariant omitted variables. It is a demanding estimation strategy, as we are identifying effects using withincountry variation with only two time points, but nonetheless still suffers from endogeneity problems (Bond, 2002) . Given the difficulty to find external instruments, system-GMM methods are usually employed to address such endogeneity issues (Bond et al., 2001 ).
These models, however, require three time points, while we only have two, which precludes us from taking due account of the possible endogeneity bias. If we however assume that the possible bias does not change across different measures of inequality of opportunity, it should not invalidate our comparative results, which is what we are mainly concerned with in this empirical exercise. Table 3 reports the fixed effects estimates of outcome inequality and of the two variables of interest, IO c,t−s and IE c,t−s for one to three year average annual growth rates and the ten measures of inequality of opportunity, measured with the Gini coefficient. Outcome inequality regressions simply replace the two inequality of opportunity and effort measures in the specification above with a measure of outcome inequality. We find non-significant effects of outcome inequality on growth, regardless of whether the latter is measured over one, two or three years.
Inequality of Opportunity is only significant at the standard 5% level with the expected negative sign when the measure y c5 is used for one-and two-year growth rates. The measure y c3 is also negative and significant at 10% but only for three-year growth rates, while inequality of effort is systematically not significant. Appendix Table 9 shows that when the MLD is used to measure inequality in the counterfactual distributions inequality of opportunity shows no significant effect on growth. 9
Given the difficulty of identifying precise effects using within-country variation with only two time points, we next abstract from the precision of the point estimates, and examine how the conceptual divides relate to the following two hypotheses about the effects of opportunity and effort inequality.
Strong hypothesis (SH):
The effect of inequality of opportunity is negative while the effect of effort inequality is positive (i.e. β 1 < 0 and β 2 > 0).
Weak hypothesis (WH):
The effect of inequality of opportunity is more negative than the effect of effort inequality (i.e. 0 > β 1 < β 2 ).
The estimates reported in Table 3 show that, ignoring issues of statistical significance, SH occurs only twice (for one-year growth), each time for ex ante measures. For indirect measures it never happens that the two effects have opposite signs. Direct measures are always in line with WH, except for y c4 with 3-period growth. However, for indirect measures, this is the case in only 5 instances out of 15. 10 All and all, this evidence may be seen as a (admittedly) weak argument in support of the direct approach.
In sum, this empirical exercise illustrates that the effect of inequality of opportunity (and effort) on growth is not robust to the measure of inequality of opportunity employed.
These findings cast doubt on existing evidence, which is exclusively based on the ex-ante parametric measure y c3 , and highlights the importance of different measurement choices.
We hope we provide grounds for the still incipient empirical literature that explores the effects of equality of opportunity on growth to check the sensibility of its findings to different choices. Notes: All regressions include GDP, population share with upper-secondary school or above, and ratio of business investment to GDP, all measured at the beginning of the period, plus a time dummy. * p-value<0.1, ** p-value<0.05.
Conclusion
Several choices guide the measurement of equality of opportunity. We use EU-SILC data for many European countries to examine whether those choices matter empirically. To this end, we perform two empirical exercises: First we check whether measures that share the same conceptual choices yield similar inequality of opportunity country orderings, and then we analyse whether they yield similar estimates in growth regressions.
Our findings on country orderings identify one crucially important divide, between ex-ante and ex-post views, as it leads to different country orderings. The distinction between direct and indirect approaches matters only conditional on choosing an ex-ante or an ex-post view. Recent theoretical contributions have shown that ex-ante and expost approaches to inequality of opportunity are incompatible. Our paper shows that the distinction also matters empirically. As the evaluation of inequality of opportunity is in essence a normative exercise, our results show that researchers should be explicit about the normative choice made between an ex-ante or ex-post criterion. From growth regressions we conclude that the particular measure of inequality of opportunity employed conditions the effect that inequality of opportunity (and inequality due to effort) has on growth. We find that the direct parametric ex-ante measures correlate more in the expected way with economic growth than the others. As the question whether inequality of opportunity has an effect on economic growth is a positive exercise, our results could suggest that it is ex-ante inequality of opportunity (i.e. inequality between opportunity sets) rather than ex-post inequality of opportunity that is detrimental for growth.
Hence we have to recognize that inequality of opportunity is a multifaced concept.
Consequently, scholars should provide arguments to support the conceptual choices embedded in the measures they use. Particular attention should be paid to taking and ex-ante or an ex-post view. Notes: All regressions include GDP, population share with upper-secondary school or above, and ratio of business investment to GDP, all measured at the beginning of the period, plus a time dummy. * p-value<0.1, ** p-value<0.05. 
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